We exploit cross-city variation in manufacturing decline and housing market changes during the 2000s, and jointly estimate their e¤ects on non-employment. Both forces strongly a¤ected nonemployment between 2000 and 2007, with the increase from manufacturing decline almost exactly o¤set by reductions attributable to housing. We show that this o¤setting occurred both in the aggregate and at the individual level. Moreover, we show that the housing bust undid the e¤ects of the preceding housing boom, such that over the entire 2000s housing explains little of the aggregate non-employment increase, while manufacturing explains roughly 40 percent.(J21, E24, E32, R23) 1
Introduction
The share of the population employed has fallen sharply since the peak of the last business cycle in 2007, with especially pronounced changes for those with less skill. For example, between 2007 and 2011 non-employment rates for men aged 21-55 with four year college degrees went from 6.5 percent to 10 percent, and surged from 17 percent to 25 percent for men aged 21-55 without a four year college degree. What accounts for these changes? A number of recent papers have examined changes in employment outcomes since 2007, studying the role of factors like de-leveraging associated with falling housing prices (Mian and Su… 2012) , policy uncertainty (Bloom et al. 2012) , unemployment bene…t extension (Rothstein 2012) , the expansion of government transfer programs (Mulligan 2012) , and spatial and industry mismatch (Sahin et al. 2012 ). Yet, non-employment rates period, with an additional 2 million manufacturing jobs lost. 4 Changes in the housing market were equally dramatic: between 1997 and 2007, after decades of being relatively ‡at, housing prices surged by about 37 percent, before entirely collapsing over a couple of years. 2 See Mo¢ t (2012) for a discussion of this phenomenon. 3 All numbers in this section come from the authors'calculations using the Current Population Survey (CPS). The sample was restricted to men between the ages of 21 and 55 (inclusive). 4 Data for changes in manufacturing employment are from the Bureau of Economic Analysis. 5 There are two bodies of literature studying why these phenomena occurred -something that is not the focus of our paper. For manufacturing decline, see Autor et. al (2012) for analysis of the role of import competition from China in explaining recent U.S. manufacturing declines. For housing, see Mayer (2011) and the cites therein for a discussion of why house prices changed Beyond the scale of these changes, employment in manufacturing and in activities a¤ected by changes in the housing market have historically been particularly important for less skilled persons -the sub-group experiencing the largest changes in non-employment since 2000. Figures 1a and 1b use data from the Current Population Survey (CPS) to plot the share among all persons, whether working or not, of men and women aged 21-55 (henceforth, "prime-aged") without a four year college degree (henceforth, "non-college") working in manufacturing and in construction. Increased housing demand should stimulate changes in construction activity and may also change demand for local labor services as household wealth increases from changes in housing prices. The patterns in Figure 1 for construction employment thus likely represent a lower bound on the total employment changes associated changes in housing demand. Figure 1a shows that fully 37 percent of all non-college men worked in one or the other of these sectors in 1977, and more than 20 percent of all such men continue to do so in 2011. Manufacturing employment for these men has declined sharply over time, falling from 27 percent in 1977 to 14 percent today. Construction employment among non-college men was fairly constant at about 10 percent between 1977 and 1997, then surged during the housing boom to 15 percent, before collapsing with the housing bust after 2007. Although lower than rates for non-college men, employment in manufacturing among non-college women has traditionally also been signi…cant. These rates declined substantially during the early 2000s. Very few non-college women have historically worked in construction, a pattern which was unchanged over the course of the boom and bust in housing. After 2007, the share of men working in either manufacturing or construction fell sharply as manufacturing continued to decline and the construction share reverted to is pre-housing boom level. Second, changes in construction employment during the 2000-2007 period did not o¤set the decline in the manufacturing share for non-college women. This result suggests that if the housing boom lifted the employment prospects of non-college women, it would likely be through sectors other than construction.
Moving beyond suggestive time series evidence, this paper formally studies the e¤ect of manufacturing decline and the temporary boom and bust in housing on non-employment using a local labor market strategy which exploits variation across metropolitan statistical areas (MSAs) during the 2000s in both the size of during the early 2000s and why they reverted during the late 2000s.
the manufacturing decline and in the size of the local housing demand change. Following Bartik (1991) and Blanchard and Katz (1992) , we construct a measure of the predicted change in manufacturing demand in an MSA given by the interaction between an MSA's initial industry mix and national changes in industry employment within narrowly-de…ned manufacturing industries. 6 The logic of this "Bartik"measure is that the national decline in the manufacturing sector di¤erentially impacted MSAs because of pre-existing di¤erences in the level and composition of manufacturing in the area and the fact that speci…c manufacturing industries experienced di¤erent trends over time. This measure is therefore likely to be systematically unrelated to any change speci…c to the MSA -such as MSA-speci…c labor supply shocks during the 2000s -that may also a¤ect labor market outcomes. Reassuringly, we …nd that the Bartik measure of predicted local manufacturing change very strongly predicts actual changes in MSA manufacturing employment from 2000-2007, suggesting that the measure indeed captures changes in local manufacturing activity in our analysis.
Housing price changes were the most dramatic manifestation of housing demand changes over the 2000s, but there were also almost surely changes in the quantity (or quality) of housing which are less readily observed.
Using a simple demand/supply framework, we derive a measure of changes in local housing demand that, in principle, captures both the price and quantity e¤ect. Our estimated housing demand measure is a function of the observed price change in the local area and the local housing demand and housing supply elasticities.
There is growing consensus that the large temporary changes in housing prices during the 2000s stemmed from factors like the expansion of credit to sub-prime borrowers, low interest rates, the rise of securitization instruments for mortgages in the …nancial sector and investor speculative activity, rather than from changes in household income, population, or construction costs (Mayer 2011; Sinai 2012) . This suggests that most of the observed changes in housing demand during the 2000s may be independent of changes in traditional latent factors that also directly a¤ect MSA labor market outcomes. Nonetheless, in addition to our main OLS results, we also present Two Stage Least Squares (TSLS) results where we instrument for the change in estimated housing demand. To do this, we introduce a new instrumental variable that exploits structural breaks in the evolution in housing prices in an MSA, arguing that these "sharp", or relatively discrete, jumps in housing prices are exogenous with respect to any changes in latent confounds, like labor supply shocks or changes in labor demand, which likely evolve smoothly over time. 7 Across all speci…cations, we …nd broadly similar e¤ects for estimated housing demand changes in both the OLS and TSLS speci…cations, suggesting that variation in MSA housing prices between 2000 and 2007 was not substantially confounded by unobserved labor supply shifts or other unobserved changes in labor demand.
We …nd that predicted 2000-2007 manufacturing decline in an MSA increased non-employment, lowered wages, and reduced MSA population. The e¤ects for non-employment and wages were substantial: a one standard deviation increase in the predicted decline in manufacturing in an MSA increased the overall nonemployment rate for prime-aged individuals in the MSA by 0:7 percentage points and reduced wages by 1:1 percentage points during the 2000-2007 period. 8 The estimated e¤ects on non-employment and wages were largest for non-college workers. Additionally, we …nd that positive shocks to housing demand in an MSA during 2000-2007 decreased non-employment and increased wages. In particular, a one standard deviation increase in housing demand within an MSA lowered the non-employment rate by 0:8 percentage points and increased wages by 1:8 percentage points for all prime age workers. The e¤ect of the housing demand change was largest for non-college men and smallest for college women. Roughly 80 percent of the decline in nonemployment for non-college men in response to the local housing demand increase was the result of increased construction employment. Non-college women also experienced a large decrease in non-employment in response to the housing demand increase during the early 2000s, but virtually none of it resulted from increased construction employment. Positive housing demand changes decreased non-employment of non-college women mainly through greater employment in the retail and service sectors.
Interestingly, over the entire 2000-2011 period, we …nd that the e¤ect of a change in housing demand in an MSA during the housing boom period was quite small. This results from the fact that almost all of the MSAs experiencing large house price increases from 2000-20007 experienced equally large reductions in housing prices from 2007-2011. The housing boom lifted local labor markets while the housing bust depressed them. These results contrast sharply with those for manufacturing decline, for which we estimate consistently large e¤ects over the longer term.
According to our estimates, roughly 40 percent of the increase in non-employment from 2000-2011 was attributable to declining manufacturing. 9 We show that a large portion of the manufacturing e¤ect on non-8 Though substantial, the e¤ect of declining manufacturing employment is far less than one-for-one. For every one percentage point decline in the manufacturing employment share (out of the total population), the non-employment rate increases by 0.4 percentage points. As we show below, this number is consistent with the medium run re-employment rate of displaced manufacturing workers from the Displaced Worker Survey (DWS). 9 As we discuss below, our results are not substantially a¤ected by accounting for the estimated migration response to the manufacturing and housing shocks when applying our local labor market estimates to a national context. We argue that, if anything, allowing for a migration response as well as other relevant general equilibrium considerations tends to increase the estimated importance of declining manufacturing in accounted for observed changed in non-employment. employment was due to an increase in being out of the labor force rather than an increase in unemployment.
Additionally, we …nd that most of our non-employment e¤ect occurred prior to recent recession; manufacturing Our results suggest that the temporary housing price boom during 2000-2007 "masked"some of the adverse labor market e¤ects of the sectoral decline in manufacturing, in the sense that the large non-employment e¤ects caused by that sectoral decline would have otherwise been evident in the pre-recessionary period of 2000-2007. We document three distinct dimensions to this masking. First, there was signi…cant "cross-MSA" masking: many of the places experiencing large declines in manufacturing employment were di¤erent from the places experiencing large, positive housing demand changes. Second, there was "cross-individual" masking, in the sense that within places experiencing signi…cant manufacturing decline as well as large increases in housing demand, the e¤ects of these sectoral changes a¤ected di¤erent population sub-groups. For example, older workers were more adversely a¤ected by the decline in manufacturing than were younger workers, while younger workers were more likely to experience increased construction employment following increases in housing demand. Finally, we document signi…cant "within-individual" masking. Using detailed data from the Displaced Workers Survey (DWS) we …nd that workers displaced from the manufacturing sectors during 2000-2007 were much less likely to end up in non-employment if they lived in a MSA in which housing demand increased sharply from 2000-2007. 10 Besides providing new evidence about the e¤ects of arguably two of the largest market-wide phenomena of the past 20 years, our results speak to the ongoing debate about whether there is a structural component to the current high levels of non-employment in the U.S. The …nding that the housing boom through 2007 masked systematically worsening labor market conditions from manufacturing decline suggests that changes in employment since 2007, the focus of much recent work, may overestimate the cyclical component in the U.S. labor market. Similarly, the result that manufacturing decline accounts, by itself, for 40 percent of the increase in non-employment since 2000 suggests an important explanatory role for factors that are not purely cyclical. It is worth emphasizing that our results do not imply that cyclical forces do not matter importantly 1 0 We are grateful to Hank Farber for suggesting this analysis of the DWS.
for high levels of non-employment. Indeed, the non-employment growth not accounted for by our estimates may be due to cyclical forces, labor supply responses to changing government policies, or to other structural forces such as mismatch. One additional point worth stressing is that the short-to-medium run e¤ects we estimate for manufacturing decline may be ameliorated over the longer term as workers make adjustments like acquiring more formal human capital, training for new occupations, or moving to new locations.
The remainder of the paper proceeds as follows. We present the empirical framework in Section 2. Section 3 discusses the data. Sections 4 presents our main empirical results while Section 5 shows that those results are robust to instrumenting for local changes in housing demand. In Section 6 we outline a simple model that extends the classic Roy framework to include non-employment in the presence of di¤erent sectoral shocks. The model provides intuition about the di¤erent types of o¤setting, or "masking" that might arise from sectoral shocks of di¤erent signs. In Section 7, we present results on "masking", including results from micro data showing the degree to which individuals displaced in manufacturing were better able to …nd employment because of a booming housing market. In that same section, we also provide our summary counterfactual results of how labor market outcomes would have evolved since 2000 had the sector changes in manufacturing and housing had not occurred. We conclude in Section 8.
Empirical Model
The empirical analysis focuses on comparisons across metropolitan statistical areas (MSAs), which we denote k. We assume that changes in labor market outcomes in a given MSA, L k , are determined, in part, by labor demand changes arising in three sectors: manufacturing ( D 
We seek to estimate the e¤ects of changes in the manufacturing sector
To empirically implement (1) we construct measures for changes in local manufacturing demand and local housing demand. For local manufacturing demand changes, we use a variant of the widely-used measures that follow Bartik (1991) . 11 Speci…cally, we measure sectoral shifts in local manufacturing using:
where ' k;j;2000 is the share of relevant population employed in industry j in city k in the year 2000 and k;j;t is the national employment of industry j excluding city k in year t. The set of industries in J includes all 3-digit industries in manufacturing sector. E¤ectively, this measure presumes that a national decline in the manufacturing sector di¤erentially a¤ects local manufacturing based on the importance and distribution of manufacturing employment in the local market at some time preceding the change.
To derive a measure for change in housing demand, we assume that the log of housing demand and housing supply in a market are given by:
In ( 
and letting denote log di¤erences, the e¤ect of a shock to housing demand can be expressed as:
In general, a change in housing demand produces two e¤ects: a change in the equilibrium housing price and a change in the amount of housing units supplied in the market. Both the e¤ect on house prices and the change in the housing stock can a¤ect local labor market outcomes, perhaps to di¤erent degrees. 12 In particular, house price changes a¤ect household wealth or liquidity and thus households'demand for goods and services produced in the local market (Mian and Su…, 2012) . Changes in the amount (or quality) of housing necessarily involves construction activity such as demolition, renovation, home improvements, or new construction. Our analysis does not disentangle the separate e¤ects of household wealth and construction channels, but rather focuses on the combined e¤ect of changes in housing demand.
Recalling that S k in equation (2) is simply H S k = P k , the e¤ect of a ceteris paribus shock to housing demand may be written:
Expression (4) P k ) and the resulting quantity-related "construction channel" (via
The intuition for the housing demand change measure is as follows: if two MSAs have the same change in house prices and the same housing demand elasticity, but one has a much larger housing supply elasticity, our measure assigns a larger estimated housing demand change to the more elastic MSA since a larger change in demand would be necessary to generate a similar price change.
We create an empirical speci…cation based on equation (1) given by:
where X k is a vector of observable controls, D By contrast, standard spatial equilibrium models, such as (Roback 1982) , suggest that, besides changes in local manufacturing, housing prices are a¤ected by changes in local labor supply and by changes in any local sector. It therefore follows that our estimate of local housing demand changes may be written as:
where k is an error term, and Z k represents factors speci…c to the housing sector such as changes in mortgagelending technology, loan under-writing standards, or securitization of mortgages that a¤ect housing demand.
Equations (5) and (6) jointly imply that the total e¤ect of a manufacturing shock on labor market outcomes
We report estimates of the total e¤ect of changes in manufacturing and housing demand based on estimation of the parameters 1 , 2 and 1 . Our baseline estimates of these parameters are from a two-step OLS procedure.
We …rst estimate (6) and retain the estimate 1 . We then estimate (5) and 2005, rather than evolve smoothly over time. As we show below, both the presence and size of these structural breaks strongly predicts the estimated change in housing demand over the eight years, [ ! D k . As most standard models assume, sectoral shocks or labor supply changes get smoothly incorporated into housing price changes. However, other housing demand shocks, such as those that might arise from a change in the lending standards or a housing bubble, can a¤ect housing prices either smoothly or discontinuously. If these structural breaks are orthogonal to the e¤ect of other latent confounds, they are valid instruments for the change in housing prices in TSLS estimation of equation (5) and (6). We discuss our instrument at greater length in Section 5.
Throughout the analysis, standard errors are clustered by state, and we compute standard errors on d L k =d \ D M k using standard methods for two-step estimators (Greene 2000) . 13 The analysis is conducted in …rst di¤erences and thus accounts for time-invariant di¤erences across MSAs. In most speci…cations, the X vector includes controls for the share of employed workers with a college degree, the share of women in the labor force, and the MSA population. Below, we discuss the data used in the analysis in greater detail.
Data
The We compute local house prices using data from the Federal Housing Finance Agency (FHFA), which is a repeat-sales housing price index with data for most metropolitan areas. We mapped the FHFA metro areas to the Census/ACS metro areas by hand. 14 To mirror the ACS data, we construct average house price growth To compute estimates of elasticity-adjusted price changes ( [ ! D k ), which are the measure of local housing demand changes used in the paper, we use information on housing supply and demand elasticities from the literature. The MSA speci…c housing supply elasticity measures are from Saiz (2010) , who constructs them using detailed information on the topography of the MSA. The measure of housing demand elasticity is from the widely-used estimate derived by Polinsky and Ellwood (1979) , who calculate an estimate using individual data across 31 urban market, using data on income, housing expenditures and housing prices. In our base speci…cation, we use Polinsky and Ellwood's preferred estimate of -0.7 and assume that elasticity is constant across all MSAs (i.e., D k = 0:7 for all k). In the Online Appendix, we discuss extensions which con…rm that the results are robust to relaxing these assumptions in various ways. In one robustness test, we show that the results are very similar when we assume the housing demand elasticity is as low as -0.3 (among the lowest estimates in the literature) and as high as -1.9 (among the highest estimates in the literature). 15 In another robustness test, we show that the results are very similar when we assign to each MSA a demand elasticity drawn at random from a uniform distribution between -0.3 and -1.9. This exercise assumes that the housing demand elasticity is uncorrelated with both the MSA's housing demand change ( ! D k ) as well as its housing supply elasticity ( S k ) -both of which we have no a priori reason to suppose would not be true. average. This increase is not driven by a few outlier MSAs. Prices rose sharply throughout the distribution, more than doubling at the 90th percentile MSA and increasing by 5.3 percent even at the 10th percentile.
Over the entire 2000s, however, housing prices only increased by an average of 5.8 percent across all MSAs.
The next two entries in the table are summary statistics for the two measures used in the paper to measure sectoral changes in housing and in manufacturing. As discussed earlier, housing price changes alone do not capture changes in local housing demand since there will, in general, be supply responses to these changes in demand. Our estimated housing demand measure, given by the elasticity-adjusted housing price change, is meant to account for both the price and supply e¤ect. The table shows that during the boom the average MSA A natural question about the two measures used in the paper is whether they are, in fact, strongly correlated with actual sectoral changes we contend they capture. Figure 2 shows that the predicted manufacturing measure is strongly correlated with actual changes in the share of the prime aged population working in the manufacturing sector, suggesting that the predicted measure does capture local manufacturing demand shocks. Similarly reassuring is the strong positive association in Figure 3 between our estimated housing demand measure and the fraction of the total population in the MSA employed in construction -an activity that would rise with positive local housing demand shocks.
OLS Estimates

Non-Employment Estimates: 2000-2007
Before proceeding to our formal estimates of (5) and (6), we present the raw data used in the analysis. Table 2 presents the OLS estimates of the joint estimation of equations (5) and (6), using the two-step OLS estimator described in Section 2. To interpret the magnitudes, the rows below the estimated coe¢ cients are re-scaled to represent a one standard deviation change. 17 The point estimates in the …rst column of the top panel of Table 2 imply that a one standard deviation decrease in predicted manufacturing increased non-employment among non-college men by 0:7 percentage points during 2000-2007. Likewise, over the same period, a one standard deviation increase in housing prices decreased the non-employment of noncollege men by 1:1 percentage points. Column 2 presents results for college-educated men. The standardized e¤ects are quite small relative to those for non college men -less than half the size in the case of predicted manufacturing decline and about one-…fth the size for estimated changes in housing demand. As columns 3 and 4 show, whereas the e¤ects of manufacturing and housing demand shocks on non-employment for non-college women are comparable to the e¤ects for non-college men, there was little e¤ect on the non-employment of college educated women. Non-employment e¤ects for the entire population of men and women aged 21-55 are shown in column 5. These results are closer to the results for persons without a college degree which is not surprising given that those without a college degree constitute roughly two-thirds of the overall population in our sample.
How much of these changes in non-employment from housing demand increases can be attributed to changes in construction employment? Panel B of Table 2 presents results analogous to those in Panel A, but with the change in the share of individuals in the MSA working in construction as the dependent variable.
The standardized e¤ect of the housing demand change in Panel B divided by the standardized e¤ect of the housing demand change in Panel A measures how much of the non-employment e¤ect is from construction.
For example, a one standard deviation increase in the housing demand for non-college men increased their construction employment by 0.9 percentage points, which accounts for 82 percent (0.9/1.1) of the decline in non-employment of non-college men in response to a housing demand. Notice that for non-college women, only 12 percent of the reduction in non-employment to the housing demand change comes from increased consumption employment, suggesting the overwhelming e¤ect of the housing boom on women operated through increased employment in sectors other than construction.
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These results are broadly consistent with the aggregate time series patterns in Figure 1 , showing a large increase in construction employment for non-college male but none for non-college women during 2000-2007.
The estimates in Table 2 also illustrate the serious limitation of using only construction to measure the e¤ect of housing demand increases on non-employment during the 2000s. For non-college men housing demand changes housing shock during the time period analyzed.strongly a¤ected construction employment, but there were also employment e¤ects outside of construction.
For non-college women, virtually none of the labor market response to the housing demand increase occurred via increased construction employment. Through a local spillover mechanism, changes in local housing demand a¤ected non-employment through other channels -most likely in local retail and services. Panel B of Table 2 also highlights the local spillover e¤ects of manufacturing decline on employment in the construction sector.
Across all individuals, a one standard deviation decline in manufacturing demand reduced construction demand by 0.2 percentage points. As manufacturing declines in a locality, housing demand also falls (Blanchard and Katz 1992) . Given our joint estimation of (5) and (6), the e¤ect of a manufacturing decline on non-employment that we report includes both the direct e¤ect as well as the indirect e¤ect through changes in local housing demand.
We also explored whether changes in local housing demand a¤ected local manufacturing employment, perhaps by drawing workers into construction and other local services and away from manufacturing. Consistent with our assumption in Section 2 above, we show in the Online Appendix that a housing boom in a local area has no direct e¤ect on local manufacturing employment changes.
E¤ect on Di¤erent Sub-Populations: 2000-2007
One interesting question is whether the e¤ects in Table 2 di¤er by key demographic traits. For example, one might imagine that a sectoral decline a¤ects workers di¤erently based on their age, since industry-speci…c human capital grows as workers age. Table 3 presents results for non-college men (columns (1) and (3)) and for all workers (columns (2) and (4)) separately by two age-groups: ages 21-35 and ages 36-55. 19 We …nd that changes in estimated housing demand produced similar non-employment e¤ects for both older and younger workers. By contrast, declines in manufacturing increased non-employment among older workers by nearly twice as much as was true for younger workers according to the standardized e¤ects.
We also explored the degree to which the results -particularly for housing -di¤er across native workers and immigrants. To this end, we have re-estimated the models in Table 2 only on a sample of workers who were born in the U.S. These results are presented in the last two columns of Table 3 . Among native workers, the manufacturing results are nearly identical to those reported in Table 2 . However, the e¤ect of the housing demand shock on non-employment is roughly 40 to 60 percent smaller in the sample of native workers.
For example, for native workers, a one-standard deviation housing demand increase reduced employment of non-college men by 0.4 percentage points, as opposed to 1.1 percentage points in the full sample.
In summary, the manufacturing and housing demand changes experienced during the 2000s had di¤erential e¤ects across sub-groups based on age or nativity. In particular, the manufacturing decline hit older workers harder than younger workers and housing demand changes a¤ected native workers somewhat less than immigrants.
Non-Employment E¤ects: 2000-2011
The results in Tables 2 and 3 show the shorter run e¤ect of the sector changes during the 2000-2007 period.
How long-lasting were these e¤ects? In Table 4 , we examine the e¤ect of manufacturing and housing demand changes over the entire 2000s. Columns 1 and 2 re-display the corresponding results for non-college men and all workers from panel A of Table 2 Table 4 , we estimate that there was a very strong relationship between housing demand declines during the housing bust of 2007-2011 and local labor market outcomes during the bust. The estimated magnitudes were nearly identical the estimates during the boom period.
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Since there was little long-term change in estimated housing demand for these MSAs, neither the change during the boom nor the change during the bust appreciably a¤ected longer-term changes in non-employment.
The …gure identi…es a small set of large cities appreciably above and below the 45 degree line. In these places, housing prices either grew or declined over the 2000-2011 period. The long-term price variation in these MSAs is almost surely the result of factors not related to something peculiar about the temporary boom and bust in housing, but rather to long-term changes in unobservables in these markets that are likely correlated with changes in labor market outcomes. Over the entire period, places that had persistent housing price declines (like Detroit) or persistent housing price increases (like New York) are most likely the result of factors like changing amenities that also a¤ect local labor market outcomes. As a result, in regressions like those in the last two columns of Table 4 , which relate longer-term changes in non-employment to longer-term (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) changes in estimated housing demand, the coe¢ cient is estimated disproportionately from MSAs with nonzero price changes and will be systematically biased as a result. To ensure that our sub-period results are not being driven by these unobserved factors, we turn to our instrumental variable strategy in section 5.
2 0 Our results during the bust period are similar to recent research by Mian and Su… (2012) and Midrigan and Philippon (2011) . Both papers show that during the recession, places with large house price declines had larger increases in non-employment. Our results, however, suggest that in the pre-recessionary period, places that had housing booms also had large declines in non-employment. Over the decade as a whole, the housing boom/bust cycle had very little impact on local labor markets.
Wage E¤ects
The empirical model in Section 2 suggests that sectoral declines in manufacturing or increases in housing demand a¤ects labor market outcomes via changes in labor demand. If this reasoning is correct, falling manufacturing demand in an MSA should be accompanied by declining local wages. Likewise, housing demand increases in an MSA should be associated with rising local wages. The wage e¤ects should also be largest for those groups that had the largest employment response to the sectoral shift.
The regressions in Panel A of Table 5 explores these results. These regressions are analogous to the regressions in Tables 2-4, except that the dependent variable is now mean wage growth in the MSA for a given group during a given time period.
21 As Table 5 shows, a one standard deviation manufacturing decline 
Migration E¤ects
In Panel B of Table 5 , we estimate the extent to which local changes in manufacturing and housing result in migration across MSAs. As one location receives a negative shock to labor demand, individuals in part respond to that shock by migrating elsewhere (Blanchard and Katz 1992; Notowidigdo 2012) . We …nd that in response to a one standard deviation manufacturing decline (housing demand increase) change during the 2000-2007 period, the MSA population of prime age non-college men fell by 2.3 percentage points (increased by 2.4 percentage points) during that same period. The results are nearly identical for all prime age men and women. The migration response to the manufacturing decline was actually larger over the longer [2000] [2001] [2002] [2003] [2004] [2005] [2006] [2007] [2008] [2009] [2010] [2011] period while the response to housing demand increases was smaller. This is not surprising given that the 2000-2011 period witnessed the continuing decline in manufacturing, and the growth and reversal of the housing 2 1 When computing mean wages within an MSA during a given time period, we start with the same samples described in Section 3. However, we also impose the following restrictions to the individual data: (1) the individual must be currently working at least 30 hours during a typical week at the time of the survey, (2) the individual's income in the year prior to the survey must exceed $5,000, and (3) the individual must have worked at least 48 weeks during the prior year. With these restrictions, we then complete mean wages at the MSA level in each of the time periods. Given these restrictions, our wage data should be considered for full-time workers with relatively few non-employment spells.
boom. We explicitly account for these migration responses when we conduct aggregate counterfactuals of what would have happened had there been no housing demand change or no manufacturing decline.
TSLS Estimates
As expression (6) shows, the measure of housing demand changes may be endogenous in OLS non-employment regressions. Additionally, since the housing demand change measure is constructed with the assumption that there are no housing supply shocks, it is likely an error-ridden version of true housing demand changes.
Moreover, there is likely additional measurement error in the housing demand and supply elasticity estimates.
We address all of these potential concerns using Two Stage Least Squares (TSLS) analysis.
The instrumental variable we use for predicted housing demand change (i.e., elasticity-adjusted housing price change) is motivated by comparisons of house price trends across MSAs, such as those illustrated in Speci…cally, we use quarterly real house prices and run MSA-speci…c OLS regressions with a single structural break and search for the location of the break which maximizes the R 2 of the regression. The magnitude of the structural break coe¢ cient is then used as our instrument for the change in estimated housing demand.
How well does this variable predict variation in housing demand changes across MSAs? Table 6 estimates are robust to the inclusion of the set of controls used previously and to controlling for the predicted manufacturing decline measure. The …nal column in the table examines how employment in manufacturing among non-college men is a¤ected by the structural break variable. We …nd no relationship between these measures suggesting that the instrument is orthogonal to changes in manufacturing demand. The results in the …rst three columns of Table 6 are the …rst-stage estimates for a TSLS analysis that uses the estimated structural break as instrument variables for housing demand changes. Importantly, the F -statistic on the structural break measure is always above 30, which suggests that there is no "weak instrument" concern.
The identifying assumption when using the structural break variable as an instrument for estimated housing demand changes is that unobserved labor demand and labor supply shocks are incorporated into housing prices gradually, while exogenous shocks to housing demand (such as sub-prime mortgage expansions, low interest rates, or local bubbles) may be incorporated either smoothly or sharply. As Figure 6 shows, this means that, in practice, our instrument identi…es the e¤ect of local housing demand changes primarily from cities with sharp price changes, such as Portland and Phoenix, rather than cities such as New York and Providence -since these cities experienced large increases in house prices, but experienced these changes relatively gradually.
Consistent with the idea that the instrumental variable isolates housing demand variation, we show in the Online Appendix that the structural break measure is strongly correlated with an increase in construction employment around the same time period. Table 7 reports TSLS results analogous to the main results in Table 2 . Across all …ve columns, we consistently …nd that the estimated e¤ects of house price booms during the 2000-2007 period are very similar to our OLS results. The point estimates are generally slightly larger than the corresponding OLS results, which is consistent with the idea that either some of the variation in house price changes was actually the result of changes in unobserved labor demand or labor supply or that there is some measurement error in our housing demand estimates. However, the broad similarity between the OLS and TSLS results suggests that most of the variation in housing prices at the MSA level between 2000 and 2007 was not signi…cantly confounded by omitted variables or by housing supply shocks.
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Lastly, we estimate a large number of additional OLS and TSLS models, and we show that our results are robust to a wide variety of alternative speci…cations which vary the sample, the instrumental variable, and the controls used. We discuss these results in detail in the Online Appendix; in general, these alternative speci…cations produce results that are very similar to our preferred OLS and TSLS speci…cations. We therefore conclude that we …nd robust evidence that housing demand shocks signi…cantly reduce non-employment for non-college men and women, and that the magnitude of this e¤ect is large enough to o¤set the adverse e¤ects of declining manufacturing during the 2000-2007 time period.
Conceptual Framework
What theoretical framework reconciles our various results? We develop a stylized model of occupational choice and non-employment, in the spirit of Roy's (1951) classic framework, which provides some insights about non-employment in the presence of shocks to di¤erent sectors. We suppose that there are two sectors in which workers can be employed: manufacturing, M , and housing-related sectors, H. Extending the standard Roy framework, we suppose workers have some reservation utility associated with allocating their time to the non-employment sector, N . Assume a mass of workers with heterogeneous skill endowments and reservation wages, which are jointly distributed according to the PDF f (s; r). To highlight the role of self-selection, we let both skill endowment and the reservation wage be exogenous characteristics of the individual. Workers with skill endowment s can either supply s e¢ ciency units of labor in sector M , (1 s) e¢ ciency units of labor in sector H, or be non-employed in sector N . 24 A worker will choose non-employment if his reservation wage if larger than his highest wage across to two sectors, or r > maxfsw M ; (1 s)w H g, and will be employed otherwise.
We assume that aggregate market output is given by the following production function: 
Since population shares are much easier to measure empirically than total labor supplies in e¢ ciency units, we solve for the population shares in each sector by noting that individuals must choose to be in one of the three sectors. Thus,
Both the equilibrium of this simple model and comparative statics results for shocks to industry productivity parameters can be illustrated graphically. 25 Figure 7 illustrates how workers, in equilibrium, self-select into sectors at all possible combinations of skill endowment and reservation wages, for di¤erent values of the productivity shocks. The y-axis in the …gure is the reservation wage (r) and the x-axis is the relative skill endowment (s), with the entire plane representing all possible (s; r) combinations. The density (f (s; r)) would be represented as contour lines on the plane. Figure 7a depicts an initial equilibrium, with workers for whom s > s choosing to work in the manufacturing sector, M , as long as s > r. Workers with s < s and s > r will work in housing-related sectors, H.
Workers with a high reservation wage or who have no relative skill advantage in either sector are more likely to be non-employed at any point in time. Figure 7b illustrates the e¤ect of a negative productivity shock to manufacturing such as that studied throughout the paper. A negative manufacturing shock, represented by a fall in , is predicted to lower the share of persons employed in manufacturing because of two margins of adjustment. As the …gure illustrates, some workers switch from the manufacturing sector, M , to housing-related sectors, H, and other workers are predicted to leave manufacturing to enter non-employment, as represented by the area M ! N . Theory o¤ers little guidance about the relative magnitude of these two e¤ects, as they depend on the distribution of reservation wages and skill among workers. For example, if most workers have very low reservation wages, then a negative shock to one sector will mostly generate switching into the other sector, with little change in non-employment. This corresponds to a situation of inelastic labor supply, as in occupational choice models such as that by Autor, Levy, and Murnane (2003) , where sector-speci…c shocks reallocate workers across sectors but do not change aggregate non-employment. Our various empirical results above suggest, by contrast, that many workers (especially the less-skilled) have reservation wages close to their market wages, since negative manufacturing shocks lead to substantial changes in non-employment in the short-to-medium run. This is also the mechanism at play in Bound and Holzer (1993) .
Figures 7c and 7d illustrate the situation, such as what occurred in the early 2000s, where a negative manufacturing shock occurs simultaneously with a positive shock in the housing-related sector. In Figure   7c , we highlight only the adjustments along the non-employment margin. Figure 7d highlights the margin of substitution resulting from the movement of workers across sectors without the potential for a non-employment spell. The key result from Figure 7c is that the overall non-employment e¤ect from a decline in manufacturing is attenuated, or "masked", for two reasons. 
Empirical Evidence on Masking
We begin our analysis of masking with some graphical evidence. We …rst characterize MSAs that experienced especially large housing demand changes, as those in the top tercile (one-third) of the distribution of the housing demand change measure, [ ! D k , that is residualized of the MSA decline in predicted manufacturing. 
Estimating "Within-Individual Masking" Using Displaced Workers
While the aggregate patterns in Figure 8 suggest that there was substantial masking within MSAs, how much of this occurred among the same persons? To measure within-person masking, we use individual-level data from several years of the CPS Displaced Worker Survey. The DWS is conducted every two years. Besides the standard battery of CPS questions about current employment and demographics, respondents are asked in each wave whether they were displaced from their job at any point in the preceding three years, along with information about some features of the previous job. We construct a sample consisting of all non-college men aged 18-64 in the 1994-2006 waves of the survey who were displaced from the manufacturing sector.
Displacements in this sample occurred between 1992 and 2004. At 3051 persons, this sample is relatively small but this is the only micro-data with which to study outcomes for manufacturing displaced workers during the years under study.
We create an indicator variable to denote displacement between 1996 and 2005 -an interval during the national housing boom. Persons for whom this indicator was zero were either displaced between 1991 and 1995 (before the housing boom), or do not live in a metropolitan area. Our second indicator variable is whether the individual lived in a "housing boom MSA", de…ned as whether an individual lived in an MSA with an abovemean value of the instrumental variable used in Tables 6 and 7 . We conduct a di¤erence-in-di¤erence analysis to determine how being displaced in a housing boom MSA a¤ected subsequent employment outcomes for these displaced manufacturing workers. We study two outcomes: whether the person reported non-employment as of the survey year, and whether the person was employed in construction as of the survey year. 
where y is either non-employment or re-employment into construction, the indicator variable are as de…ned above, and vector X contains individual-level controls. The individual controls include education, union status in last job, and a 5th order polynomial in age. Table 8 presents the results, which report standard errors clustered by state.
The coe¢ cient 3 on the interaction term is the di¤erence-in-di¤erences estimate, but the coe¢ cients on the non-interaction terms are also of interest. The housing boom indicator tells us whether non-employment rates (in column 1) or construction re-employment (column 4) are di¤erent, on average, in housing boom MSAs versus other areas. As shown in …gures 8a and 8b, there are no visible di¤erence in labor market outcomes between housing boom and other MSAs in the early-to-mid-1990s. This is consistent with the regression results in Table 8 . More interesting is the level coe¢ cient on displacement during the years of the housing boom. Here, the positive and signi…cant e¤ect of the coe¢ cient in the construction employment equation in column 4 implies that displaced manufacturing workers are more likely to go into construction in all MSAs during boom period, regardless of whether or not the MSAs housing price growth was in the top third of all markets. This is not surprising given the results in Figure 1a showing that manufacturing and construction are two important sectors for non-college men.
For each outcome in Table 8 we present three sets of di¤erence-in-di¤erence results. The …rst speci…cation The results for construction are equally striking. In the results in column 4, in which we pool all "housing boom" MSA together, the point estimates suggest that displaced manufacturing workers were more likely to be employed in construction if they became displaced in markets with big housing demand increases. This e¤ect is very imprecisely estimated, however. In the alternative speci…cations, in which we use MSA …xed e¤ects and year of displacements e¤ects, we …nd larger and strongly signi…cant e¤ects. The point estimate of 0.038 suggests displaced manufacturing workers in markets during the years of the housing boom in markets with substantial appreciation were likely to …nd re-employment in construction at a rate that was more than 50 percent of the mean. These results suggest that as much as one-third of the non-employment "masking" came through construction employment.
Collectively, these results provide powerful evidence of individual-level masking. Had there been no temporary housing boom from the late 1990s through the mid 2000s, workers displaced from manufacturing because of the ongoing decline in that sector would have been signi…cantly more likely to end up in non-employment.
Aggregate Masking and Counterfactuals
In this section, we use the estimated e¤ects of manufacturing and housing demand changes to conduct counterfactual analyses of aggregate national non-employment during the 2000-2011 period. This analysis also provides, in essence, an estimate of the sum of cross-individual and the within-individual masking illustrated above.
To perform the counterfactual exercise, we combine the main point estimates from Table 2 with national time series changes in the non-employment rate, housing demand changes, and manufacturing employment shares to compute the separate contributions of declining manufacturing and housing demand changes on aggregate non-employment. Panel A of Table 9 reports the exercise for all prime age men and women. The share of all prime age men and women employed in manufacturing declined by 3:2 percentage points between 2000 and 2007. Using the estimates in column 5 of Table 2 , this is predicted to increase non-employment by 2:1 percentage points. 28 With respect to housing demand, the mean change over the 2000-2007 period of 0.88 (see Table 1 ) and the point estimates in Table 2 imply a decline in non-employment of 0:9 percentage points.
Together, the two types of shocks were thus predicted to increase non-employment for all prime aged men and women by 1:2 percentage points between 2000-2007. The actual increase in non-employment for all prime age men and women was 1:9 percentage points. Therefore, these two sectoral changes we study are estimated to joint explain nearly two-thirds of the observed changes in non-employment during the early-to-mid 2000s.
Notice that we would have predicted a 30% larger increase in non-employment during 2000-2007 had there been no housing demand changes. This is thus a measure how much, in total, the temporary housing demand changes masked the e¤ect of manufacturing decline during the period. The next row of Panel A examines the entire 2000-2011 period. The results show that the predicted change in non-employment attributable to manufacturing decline is 3:2 percentage points, or 44% of the actual increase during the longer time period.
As we have discussed at length, housing demand changes explain none of the changes in non-employment over the longer term. The results for non-college men in Panel B are broadly similar to the results in for all men and women. In particular, while the estimated e¤ects imply greater absolute increases in non-employment for non-college men, the percentage of overall non-employment growth accounted for by manufacturing decline and housing demand changes is very similar.
We analyzed how much of the various non-employment e¤ects appeared as increased unemployment and how much as increases in individuals being out of the labor force. These results are shown for non-college men in Panels C and D of Table 9 . Our results imply that the decline in manufacturing over the entire decade resulted in a 2.1 percentage point increase in non-participation and a 2.5 percentage point increase in unemployment.
Given the observed changes in non-participation and unemployment over the decade, this implies that declining manufacturing demand can explain roughly 50 percent of the increase in non-employment we have observed for non-college men over the decade and roughly one-third of the observed increase in unemployment.
Collectively, the results indicate that a non-trivial portion of the increase in non-employment, non-participation, and unemployment of both non-college men and all workers can be attributed to the continuing decline in the manufacturing sector, suggesting that structural forces account in part for the recent weak performance of the U.S. labor market. The results also imply that without the temporary boom in housing, and the masking associated with it, 1.3 million prime age workers would have been non-employed as early as 2007. The negative e¤ects of structural manufacturing decline were masked in aggregate statistics during the early to mid 2000s. Importantly, for both non-college men and all workers, roughly two-thirds to three-quarters of e¤ect has been carefully documented Clark et al. (2003) . Using the CPS data guarantees provides a more consistent time series trend.
of manufacturing decline pre-dated the 2008 recession, as a comparison of across rows in column 3 of Table 9 shows. Although we argue that structural forces associated with manufacturing decline appear to have clearly mattered importantly for non-employment, it should be emphasized that the results do rule out a key role for cyclical forces.
Although we believe these counterfactual results are reliable, there are various concerns associated with applying "local" estimates to a national context. One issue is migration. In Table 5 we showed that onestandard deviation changes in manufacturing and housing shocks generate migration responses of about 2 percentage points. Given that the two sectoral changes both a¤ect non-employment by roughly 1 percentage point it is possible to bound how much endogenous migration could a¤ect the counterfactual estimates. For one bound, we assume that all of the migrants would have been non-employed had they not moved. In this case, the aggregate non-employment rate in response to a one standard deviation manufacturing shock would have increased by an additional 2 percentage points, from 1 to 3. The counterfactual estimates above would thus be severely underestimated. If we assume instead that all migrants would have been employed had they not moved, the estimated response to a one-standard deviation manufacturing shock would fall by roughly 0.02 percentage points, from 1 to about 0.98. This e¤ect is so small because the number of people migrating out of the MSA in response to manufacturing shock is very small relative to the number of people who are employed in the MSA. Therefore, assuming that migrants are either more employable than the average non-migrant or roughly similar to average non-migrant has a negligible e¤ect on our results. If, however, the marginal migrant is much less employable, then our counterfactual estimates are quite conservative.
A second potential concern is that the counterfactual results ignore potential general equilibrium and feedback e¤ects. For example, changes in house prices may have a direct e¤ect on U.S. manufacturing demand. Mian and Su… (2011) show that households that experienced large increases in housing prices increased their purchase of both local services and nondurable expenditures because of either a wealth or liquidity e¤ect.
Local housing booms can thus a¤ect the national demand for manufacturing goods. As with migration, this 
Conclusion
This paper studies how manufacturing decline and housing booms a¤ect labor market outcomes, with a particular emphasis on non-employment among the two-thirds of workers without a college degree. We estimate a variety of cross-MSA models which exploit the variation in both the magnitude of the negative shock to manufacturing as well as the sudden and dramatic increases in housing demand.
We …nd that roughly 40 percent of the increase in non-employment during the 2000-2011 period can be attributed to the decline in manufacturing. These non-employment e¤ects were very large for non-college men, but we …nd that local manufacturing shocks signi…cantly raised non-employment for other groups as well, such has been relatively stable during expansions and has adjusted sharply around contractions. This point has been emphasized recently by Jaimovich and Sui (2012), and our results suggest that booms and busts in other sectors combined with a sectoral decline in manufacturing to partly generate these patterns.
Finally, we think that our results may inform the current policy debate about how best to stimulate employment. The type of non-employment we have identi…ed is the result of the longer run sectoral decline in manufacturing. Temporary boosts to labor demand from hiring subsidies or infrastructure investments are unlikely to have permanent e¤ects on the employment prospects of non-college individuals, since labor demand for these workers will remain depressed once these subsidies expire because of the decline in the manufacturing sector. In this sense, our paper is among the …rst to document a signi…cant role for structural forces in explaining the current high level of non-employment in the U.S. As noted above, over longer periods of time, non-employed workers (as well as subsequent generations of workers) may …nd it bene…cial to invest in human capital accumulation. Therefore, addressing barriers to skill acquisition may have most lasting e¤ect on improving the employment prospects of those workers who leave the labor force as a result of the ongoing decline in the manufacturing sector. (5) and (6) 
Sample:
Non Table 2 for alternative samples of either non-college men or all prime-aged men and women, using the same set of baseline controls. See Table 2 for more details. The standardized effects rescale the coefficient by a one standard deviation change using the cross-MSA standard deviation. Standard errors, adjusted to allow for an arbitrary variancecovariance matrix for each state, are in parentheses and p-values are in brackets. Table 2 for alternative sample periods. See Table 2 for more details. In columns (1) through (4), the Predicted Manufacturing Decline variable is constructed across 2000-2007 time period, while in columns (5) and (6) Notes: N=237 in all columns. This table reports OLS estimates analogous to columns (1) through (4) in Table 4 for alternative dependent variables. See Table 4 for more details. In all columns, the Predicted Housing Demand Change and the Predicted Manufacturing Decline variables are constructed across 2000-2007 time period. The standardized effects rescale the coefficient by a one standard deviation change using the cross-MSA standard deviation. Standard errors, adjusted to allow for an arbitrary variance-covariance matrix for each state, are in parentheses and p-values are in brackets. 
Change (6) The structural break procedure is carried out MSA-by-MSA by regressing (residualized) log house prices on a quadratic time trend and a structural break term, where the timing of the structural break is selected to maximize the R 2 of the time-series regression. Before the procedure, the log house prices are first residualized with respect to cubic time polynomials interacted with the baseline controls and the Predicted Manufacturing Decline variable to reduce the contribution of these to the estimation to the magnitude of the structural breaks. The standardized effects rescale the coefficient by a one standard deviation change using the cross-MSA standard deviation. Standard errors, adjusted to allow for an arbitrary variance-covariance matrix for each state, are in parentheses and p-values are in brackets. Table 2 for alternative demographic groups using the same set of baseline controls. The Magnitude of Structural Break in House Prices is used as an instrument for Predicted Housing Demand Change. See Table 2 and Table 6 for more details. The standardized effects rescale the coefficient by a one standard deviation change using the cross-MSA standard deviation. Standard errors, adjusted to allow for an arbitrary variance-covariance matrix for each state, are in parentheses and p-values are in brackets. (10). The first row reports the Difference-in-Difference estimate of the effect of being displaced during housing boom time period within an MSA that was experiencing a housing boom. An MSA is defined to be a "Housing Boom MSA" if it has an above-mean value of the instrumental variable used in Tables 6 and 7 , otherwise (if a displaced worker is not in one of these MSAs or is in a non-metro region) this indicator is set to 0. The controls in columns (3) and (6) Table 2 and Table 5 are used to compute the predicted values. Actual changes in non-employment, housing prices, and manufacturing employment are taken from the CPS.
Panel B: Accounting for National Non-Employment Trends for Non-College Men Table 9 Notes: These figures show correlation between the change in non-employment rate of non-college men and both the proxies for change in manufacturing labor demand and change in housing demand. In Figure 4b , the manufacturing labor demand proxy is first residualized out of the predicted change in housing demand. This is intended to mimic the two-step empirical model estimated in the tables below, where we allow manufacturing shocks to have a direct effect on housing demand. Figure 7a , we show the initial equilibrium, which shows the combination of s and r) parameters determine how workers self-select into sectors (or into non-employment, N ). Figure 7b shows how the equilibrium responds to a negative shock to sector M ; workers leave sector M for either sector H or enter non-employment (sector N ), with the relative importance of these two channels depending on the mass of workers along each margin. Lastly, Figures 7c and 7d shows how the equilibrium responds an "offsetting" positive shock to sector H. In this case, some workers who would have entered non-employment in Figure 7b instead remain employed and enter sector H (center diamond in Figure 7c ). Notes: The figures above report the (residualized) share of displaced male manufacturing workers aged 18-64 who are in non-employment and the share employed in construction across two sub-samples: (1) workers who were displaced in MSAs that experienced a "housing boom" (as defined as MSAs with above-mean values of the Magnitude of Structural Break instrumental variable) and (2) workers who were displaced in MSAs (or non-metro areas) that did not experience a "housing boom." All data come from CPS Displaced Worker Survey, 1994 Survey, -2006 . The residualized share is created by residualizing indicator variables for difference (in years) between the year of displacement and the (calendar) year of the survey as well as MSA fixed effects.
